In comparative effectiveness studies of multicomponent, sequential interventions like blood product transfusion (plasma, platelets, red blood cells) for trauma and critical care patients, the timing and dynamics of treatment relative to the fragility of a patient's condition is often overlooked and underappreciated. While many hospitals have established massive transfusion protocols to ensure that physiologically optimal combinations of blood products are rapidly available, the period of time required to achieve a specified massive transfusion standard (e.g. a 1:1 or 1:2 ratio of plasma or platelets:red blood cells) has been ignored. To account for the time-varying characteristics of transfusions, we use semiparametric rate models for multivariate recurrent events to estimate blood product ratios. We use latent variables to account for multiple sources of informative censoring (early surgical or endovascular hemorrhage control procedures or death). The major advantage is that the distributions of latent variables and the dependence structure between the multivariate recurrent events and informative censoring need not be specified. Thus, our approach is robust to complex model assumptions. We establish asymptotic properties and evaluate finite sample performance through simulations, and apply the method to data from the PRospective Observational Multicenter Major Trauma Transfusion study.
Introduction
In studies of the comparative effectiveness of trauma resuscitation and critical care interventions like multicomponent blood product transfusion (i.e. red blood cells (RBCs), plasma, and platelets), the influence of the timing and dynamics of complex, sequential treatments relative to the fragility of a patient's condition is often overlooked and underappreciated. While many hospital blood banks and Level One trauma centers have established massive transfusion (MT) protocols to ensure that physiologically optimal combinations of blood products are rapidly available, the patient survival time required to diagnose potentially life-threatening hemodynamic instability and to achieve the specified transfusion standard (e.g. a 1:1 or 1:2 ratio of plasma or platelets:RBCs) has been ignored. Systematic reviews have reported significant heterogeneity among the findings of published studies assessing the effects of different MT protocols on trauma outcomes. 1, 2 The use of conventional analysis strategies in these high-risk, time-urgent clinical research settings has failed to adequately adjust for serious confounding (due to indication bias, survival bias, collider bias, and informative censoring) [3] [4] [5] [6] yielding irreproducible and uninterpretable findings. Meaningful evaluation of the effects of different MT protocols on patient outcomes will first require accurate representation of the timing and dynamics of transfusion.
Research in this area has been hindered by both the difficulty of collecting data on the timing of each blood product transfusion and the lack of appropriate statistical analysis tools that can handle informative censoring. Our work was motivated by the PRospective Observational Multicenter Major Trauma Transfusion (PROMMTT) study, which was a 10-center prospective observational study of trauma patients admitted directly from the scene of injury to a Level 1 trauma center in the US. 7, 8 The study enrolled 1245 adult trauma patients between July 2010 and October 2011, who survived for at least 30 min after emergency department (ED) admission and received a transfusion of at least 1 unit of RBCs within 6 h of admission. The study collected minute-to-minute transfusion times for RBCs, plasma, and platelets. The key feature of the recurrent blood transfusion data is that the transfusion times of different blood products within a patient are typically correlated and stochastically ordered. In addition, there are several potential informative censoring mechanisms that preclude any further blood transfusions. For example, Holcomb et al. 7 demonstrated timevarying plasma:RBC and platelet:RBC ratios. In their method, the cumulative ratios of plasma:RBCs and platelet:RBCs were computed at the time of study enrollment and for as many of 14 consecutive time intervals as study patients survived. In a similar approach, Snyder et al. 9 divided the first 24 h into 12 time intervals and calculated the aforementioned ratios within each interval. Both methods computed cumulative transfusion ratios within subjective discrete time intervals, and hence did not fully capture the time-varying property of transfusion ratios. Further, such methods ignored the fact that blood products transfusions are subject to informative censoring, which could result in biased estimates for the transfusion ratios.
Multivariate recurrent event data are commonly encountered and have been well studied in applications to epidemiological and medical studies. For example, in an asthma study, Cai et al. 10 considered physician office visits and hospitalization attributable to asthma as two recurrent events of interest. Similarly, in an acute myeloid leukemia study, bacterial infection and fungal or viral infection were considered as two recurrent events of interest. 11 Several statistical methodologies have been proposed in the literature for the study of multivariate recurrent event data using multivariate point processes. [10] [11] [12] [13] [14] [15] However, these methods are not tailored to the analysis of the ratios of multivariate recurrent blood transfusions. Another challenge is that the critical assumption of noninformative censoring is violated in comparative effectiveness studies of trauma and transfusion medicine. Patients may be unable to complete their intended MT protocol because the initial transfusions precipitate either successful early hemorrhage control (through surgery, endovascular, or other procedures) or early death. Thus, informative censoring in these transfusion studies is caused not by differential dropout or loss to follow-up, but by differential early hemorrhage control or death. Stated another way, the amount of blood products that can be given to achieve transfusions specified by a MT protocol is dependent upon the duration of hemodynamically unstable survival, which in turn can be influenced by the order and number of initial blood product transfusions. One possible strategy is to use a shared frailty model to jointly model the recurrent events and censoring mechanisms. By imposing some distributional assumptions on the shared random effects, one can produce unbiased estimators. 16, 17 However, as mentioned previously, there exist different kinds of informative censoring in studies of MT protocols, thus it is computationally intensive to model all the censoring mechanisms. Our strategy is to extend the model of Wang et al. 18 for single recurrent event data with informative censoring, in which multiple informative censoring is treated as a nuisance parameter; hence, there is no need to specify its distribution.
The objective of this paper is to improve the validity and efficiency of estimating transfusion ratios of blood products (plasma:RBCs and platelet:RBCs) that are subject to multiple informative censoring. To achieve this objective, we extend the framework of Wang et al. to accommodate multiple recurrent event data taking into account informative censoring. 18 Then, we evaluate the ratio of multiple recurrent event rates. Further, we estimate the degree of dependence between different blood product transfusions by using the rate ratio proposed by Ning et al. 19 To our knowledge, this is the first attempt to accurately and precisely estimate the time-varying ratio of blood product transfusion rates. In our method, both the distributions of the latent variables and the dependence structure between the multivariate recurrent events and informative censoring do not need to be specified, and multiple sources of censoring can be easily accommodated. The remainder of this paper is organized as follows. In Section 2, we introduce the notations, models, and estimating procedures. In Section 3, we report the simulation results. We provide a real data application to PROMMTT in Section 4, followed by a discussion in Section 5. We provide the proofs and other details in Appendix 1.
Notation and models
Without loss of generality, we use the data from PROMMTT as an example to introduce the notations and models. For patient i, let N ik ðtÞ denote the cumulative number of transfusions of type k blood product up to time t, where k ¼ 1 for plasma, 2 for platelets, and 3 for RBCs. Let C ik be the censoring time, be the maximum followup time, and m ik be the observed total number of events before censoring time C ik for patient i of type k recurrent event. Note that the model allows for multiple sources of censoring, including informative censoring (e.g. death or surgical intervention) and noninformative censoring (e.g. the end of the study). The observed event times of type k for the ith patient are 0 5 t ik1 5 Á Á Á 5 t ikm ik 5 . Let X i be a p Â 1 vector of the time-independent covariates, where p is the dimension of covariates.
Regression models
We first model three transfusion rate functions (plasma, platelets, and RBCs) simultaneously by using subjectspecific and type-specific latent variables. Specifically, for patient i, we assume that there exists a nonnegative latent variable ik . With Eð ik jx i Þ ¼ Eð ik Þ and given ik and x i , N ik ðtÞ is a nonstationary Poisson process with intensity
where k is a p Â 1 vector of regression parameters, and 0k ðtÞ is the type-specific continuous function with Ã 0k ðÞ ¼ R 0 0k ðuÞdu ¼ 1. The subject-specific and type-specific latent variable ik is used to characterize the heterogeneity among patients. For the ith patient, a large value of ik implies more frequent occurrences and a small value of ik implies less frequent occurrences of type k blood transfusions. Notice that model (1) is quite flexible, in which three latent variables from the same patient are potentially correlated and three unspecified rate functions are allowed to be different. We further assume that conditioning on covariates X i and latent variables ð ik Þ, fN ik ð:Þ, C ik g (k ¼ 1,2 and 3) is mutually independent. From this assumption, model (1) allows the censoring time to be dependent on the recurrent events through the latent variables and covariates, which relaxes the usual independent censoring assumption. Unlike the standard joint modeling approach of Liu et al., 16 our method does not specify the role of latent variables in the distribution of informative censoring.
Our interest is to estimate the time-varying plasma:RBC and platelet:RBC ratios for patient i, denoted as r i1 ðtÞ and r i2 ðtÞ, respectively. The transfusion rate models in equation (1) imply a multiplicative ratio model. Specifically, we have
where k is a p Â 1 vector of the regression parameters on the ratio, r 0k ðtÞ is an unspecified baseline ratio function, and ik is the latent variable that characterizes the heterogeneity among patients.
Dependence measure
It is also of interest to explore the dependence structure between the transfusion of different blood products under model (1). Ning et al. 19 recently proposed the rate ratio, a measure used to assess the degree of dependence between two types of recurrent event processes. It is the ratio of the conditional rate k 1 jk 2 ð:Þ to the marginal rate k 1 ð:Þ
where k 1 jk 2 is a conditional rate function defined as
In our motivating study, the rate ratio can be interpreted as the factor of an additional probability for receiving at least one k 1 type of blood product transfusion at time s due to the k 2 type of blood product transfusion at time t. A limitation of the estimating procedure of Ning et al. is the assumption of noninformative censoring, which is not valid in our case. To relax the noninformative censoring assumption, we further explore the relationship between the rate ratio and our model to estimate the degree of dependence in the presence of informative censoring. By the definition of the rate ratio, k 1 k 2 ðs, tÞ, we find that the rate ratio depends on s and t through the covariance and means of the latent variables
where k is the mean of ik . By definition, 0 5 k 1 k 2 ðs, tÞ 5 1, and the magnitude of dependence is reflected by the value of k 1 k 2 ðs, tÞ. Equation (5) indicates that the dependence between two recurrent event processes is determined by the dependence between the two latent variables under model (1) . For example, if k 1 and k 2 are positively correlated, the two recurrent event processes are positively correlated and the degree of dependence is constant over time and determined by the standardized covariance between k 1 and k 2 .
3 Estimation procedure and asymptotic property First, we simultaneously estimate the multiple recurrent event rates subject to informative censoring. As pointed out by Wang et al., 18 the observed kth-type recurrent event times (t ik1 , t ik2 , . . . , t ikm ik Þ given ð ik , x i , C ik , m ik Þ are the order statistics of a set of independent, identically distributed (i.i.d) random variables, with density function
where Ã 0k ðtÞ ¼ R t 0 0k ðsÞds. Then the conditional likelihood of the observed data given ð ik ,
Although the data are correlated, computationally the conditional likelihood has the form of likelihood of independently right truncated data. The nonparametric maximum likelihood estimator (MLE) of Ã 0k ð:Þ, denoted asÃ 0k ð:Þ, based on independently right truncated data, is known to have a product-limit representation
where fs kðl Þ , l ¼ 1, . . . , Lg are the ordered and distinct values of the event times ft ikj , j ¼ 1, . . . , m ik g of the kth type, d kðl Þ is the number of events occurring at s kðl Þ , and R kðl Þ is the total number of events satisfying ft ikj s kðl Þ C ik g. The unbiased estimating equations for regression coefficients k are defined as
where " Although we cannot observe the values of the latent variables for each patient, we can estimate the subject-specific and type-specific latent variable bŷ
Given equation (12), the moments of the latent variables and the rate ratio can be naturally estimated bŷ
The large sample properties of the estimators in model (1) have been well studied by Wang et al. 18, 20 We further establish the asymptotic properties of the estimators in model (2) and the estimated rate ratio. Let ¼ ð k , R 0k Þ, k ¼ 1,2 and denote 0 and n as its true value and estimators, respectively. Under the regularity conditions specified in Appendix 1, we show that the consistency and weak convergence of n , as summarized in Theorem 1.
Theorem 1. Under the regularity conditions (A1) to (A3) specified in Appendix 1, the estimator n is consistent, as defined by
and converges to 0 almost surely and uniformly as n ! 1. Further, n 1=2 ð n À Þ converges weakly to a tight zeromean Gaussian process as n ! 1.
Theorem 2. Under the regularity conditions (A1) to (A3) specified in Appendix 1, the estimator k 1 k 2 is consistent, as defined by
and converges to 0 almost surely as n ! 1. Further, n 1=2 ð k 1 k 2 À k 1 k 2 Þ converges to a normal distribution as n ! 1.
The asymptotic variance-covariance matrices and details of the proofs for Theorems 1 and 2 are provided in Appendix 1. The estimation of the variance-covariance matrix is not straightforward because of the unknown baseline rate functions. Given the aforementioned weak convergence, we use a bootstrap resampling technique to approximate the variance-covariance matrices for the estimated parameters.
Simulation studies
To evaluate the finite-sample performance of the proposed methods, we conducted a series of Monte Carlo simulations. We generated bivariate recurrent event data from n patients, with a maximum follow-up time of 10 h. We introduced dependence between the bivariate recurrent event data by a pair of latent variables generated from either a uniform distribution or a gamma distribution. Specifically, for patient i we first generated three independent latent variables ð i , Ã i1 , Ã i2 Þ, and then let the two correlated subject-specific latent variables be i1 ¼ 0:9 i þ 0:1 Ã i1 and i2 ¼ 0:9 i þ 0:1 Ã i2 . For the uniform setting (scenario 1-2), we chose the distribution to be uniform on the interval (0.2, 3) such that the degree of dependence is relatively weak ¼ 1:20, and for the gamma setting (scenario 3-4), we chose the distribution to be gamma(1, 0.2), yielding a relatively strong dependence, ¼ 1:80. For patient i, we included two covariates: x i1 from a Bernoulli distribution, Bernoulli (0.5), and x i2 from the standard normal distribution. Given the latent variable ð i1 , i2 Þ and covariate x i , the bivariate process fN i1 ðtÞ, N i2 ðtÞg was generated from a pair of nonstationary Poisson processes with the rate functions as It should be noted that we have R 0 01 ðsÞds ¼ 1 and R 0 02 ðsÞds ¼ 1 for the identifiability issue. To complete the data generation, we generated two types of censoring: noninformative censoring from the uniform distribution, Uð0, 30Þ, and informative censoring from the following hazard function
where h 0 ðtÞ ¼ t=400 and ¼ ð1, À 0:5Þ. For each scenario, we considered two sample sizes (n ¼ 250 and n ¼ 500) with 1000 replications or resamples. Table 1 summarizes the average of the estimates, empirical standard errors, and bootstrap standard errors based on 200 resamples. The average number of recurrent events per patient was approximately 2.59 and 2.45 for the two types of recurrent events in scenario 1, and approximately 4.41 and 6.36 for scenario 2. All model parameters, including the degree of the dependence, were estimated very well by the proposed method in all scenarios: the biases were small and the bootstrap standard errors were close to the empirical deviation. As expected, the standard errors of all estimates decreased by 23.3-34.5% with increasing sample size.
The empirical averaged estimates of the cumulative ratio of the two recurrent rate functions, R 01 ðtÞ ¼ Ã 01 ðtÞ=Ã 02 ðtÞ, are plotted in Figure 1 . The estimated curves were very close to the true curves with indistinguishable biases. Note that the estimated curves had relatively large biases and variation at the very beginning of the study due to the limited observed information. Then by using the cumulative information over time, the estimated curves better approximated the true curves.
We have also compared the performance of the proposed method to that of the naive method, in which the cumulative rate functions are estimated by the observed numbers of the recurrent events and the ratio is estimated by the proportion of the observed numbers of two recurrent events. The simulation results are summarized in the Supplementary Material (available at: http://smm.sagepub.com/). In summary, the proposed method was empirically unbiased, while the naive method produced biased results. In particular, the naive method underestimated the ratio curves heavily at the tail. 
Applications to trauma transfusion data
We applied our proposed method to data from the motivating study, PROMMTT, to study the time pattern of the blood product rate ratios (i.e. plasma:RBCs and platelet:RBCs) and evaluate factors associated with the rate ratios. The PROMMTT study was the first large-scale, prospective study of trauma patients admitted directly from the injury scene to 10 Level-1 trauma centers in the U.S. Among the total of 1245 enrolled trauma patients, only 919 patients had complete baseline covariate information, including systolic blood pressure (SBP), heart rate, hemoglobin concentration (Hgb), and pH. We did not impute the missing covariate information and therefore included only 919 patients in our analysis dataset. In the study, all 919 patients received RBCs, with a total of 5868 units of RBC transfusions; 635 (69.2%) patients had received plasma, with a total of 4157 units of plasma transfusions; and 262 (28.1%) patients had received platelets, with a total of 3045 units of platelet transfusions. As mentioned before, possible reasons for censoring could be any hemorrhage control intervention (e.g. surgery, endovascular procedures), death, or the end of the study. Specifically, during the study, 94 out of 919 (10.2 %) patients died within 24 h of hospital admission. In Figure 2(a) , we display the estimated cumulative rate functions of RBCs, plasma, and platelets. For comparison, we also plot the three naive curves by accounting for the total number of transfusions up to time t, ignoring the informative censoring. As shown, such a naive method will have biased results, leading to underestimation of blood products in our case. In Figure 2(b) , we present the estimated blood product ratios (i.e. plasma:RBCs and platelet:RBCs). Overall, the two ratios were not constant over time, but the ratio curves had the similar shapes. The two curves increased within the first 5 h after ED admission and then remained stable. This can be partially explained by the fact that most blood product transfusions are administered within the first 5 h of admission to the ED. The ratio of plasma:RBC rates always stayed beyond the ratio of platelets:RBC rates. Specifically, after the first 5 h, the ratio of plasma:RBC rates was around 0.7, and the ratio of platelets:RBC rates was around 0.5.
In addition to studying the time-varying pattern of the transfusion ratios, we were interested in evaluating the association with baseline covariates on blood transfusions. This assessment can be addressed by fitting models (1) and (2) . Table 2 summarizes the analytic results for three rate models for RBCs, plasma, and platelets. Moreover, Table 3 lists the analytic results for two rate ratio models for plasma:RBCs and platelets:RBCs. As shown in Table  2 , patients with lower Hgb ( 511), lower pH ( 57:25), and bleeding sites involving the abdomen and pelvis tended to receive more transfusions of all three blood products. Also, patients with lower SBP ( 590) were more likely to receive more RBC and plasma transfusions. For example, on average, the number of RBC transfusions of patients with lower Hgb ( 511) was higher by a factor of 1.433 (95% confidence interval [1.12, 1.71]) compared with patients having higher Hgb (! 11) after controlling for other baseline covariates. Interestingly, we found that the association of baseline covariates with the rate ratios of transfusions (plasma:RBCs and platelets:RBCs) was different from their association with the amounts of blood product transfusions. As shown in Table 3 , for the ratio of plasma:RBC transfusion rates, the significant factor are pH and bleeding site involving the head and pelvis. Patients with pelvic hemorrhage tended to receive a higher ratio of plasma:RBCs by a factor of 1.170 (95% confidence interval [1.08, 1.27]). For the ratio of platelets:RBC transfusion rates, the significant factor are Hgb and bleeding site involving the abdomen and pelvis. The ratio of platelets:RBC transfusion rates for patients with lower Hgb ( 511) is higher by a factor of 1.465 (95% confidence interval [1.19, 1.80]) than those of patients with higher Hgb. As expected, our analysis indicated that the three types of blood transfusions were positively interdependent. The degree of dependence between RBC and plasma transfusion rates was 2.86 with a 95% confidence interval of [2.58, 3.15] . Similarly, the degree of dependence between RBC and platelet transfusion rates was 3.21 with a 95% confidence interval of [2.84, 3.58] , and between plasma and platelet transfusion rates, it was 3.54 with a 95% confidence interval of [3.14, 3.94 ]. Such strong positive interdependence suggests that the joint models of blood products rate ratios would gain statistical efficiency compared with separate models for each type of blood transfusion.
Discussion
Our methodology assesses models and estimation procedures for the ratio of rates for multivariate recurrent event data. The estimating procedure benefits from simplicity and flexibility relative to the alternative MLE under the shared frailty models, which is subject to the parametric assumption of the shared frailty and the specified assumptions on the relationship between the multivariate recurrent event data and dependent censoring. Though the proposed model is presented in the context of three types of recurrent events, extensions to handle multivariate recurrent event data with K ! 3 are straightforward because the estimation procedure does not rely on the dimension of the multivariate recurrent event data.
One limitation of the proposed estimation procedure is the assumption of non-time-dependent covariates. Although this assumption holds in our blood transfusion study, it may not hold in other applications. In this case, the estimation procedure proposed by Huang et al. 21 can be generalized to accommodate the time-dependent covariates.
In this paper, our focus is the estimation of the ratios of transfusion rates of different blood products for trauma patients and the evaluation of covariate effects on such ratios. It is also of interest to evaluate the effects of such time-dependent ratios on subsequent clinical outcomes, such as the ensuing survival time. 7, 9 Developing rigorous statistical tools to answer this question is beyond the scope of this paper and is a worthy objective for future research.
